Activity-based travel forecasting models purport to simulate the complete set of location and activity-travel choices made by individuals and the households in which they reside. As it is conceivable that several choices are bundled together and made jointly by individuals, there is a need to simultaneously model a multitude of choices in an integrated framework. The specification and estimation of such simultaneous equations model systems has remained a challenge and prevented progress in this domain. This paper aims to address this challenge by offering an econometric model system that simultaneously considers six different choice dimensions in a unifying framework. The six dimensions include residential location choice, work location choice, auto ownership, commuting distance, commute mode, and number of stops on commute tours. Thus the dimensions cover disparate temporal scales from the long term location choices to the short term activity-travel choices, and include a variety of dependent variable types. The model specification accounts for the possible presence of correlated unobserved factors affecting multiple choice dimensions and thus reflects the influence of selfselection effects that can have important implications for policy forecasts. The paper presents the modeling methodology in detail as well as estimation results for a joint model system estimated on a data set extracted from the 2009 National Household Travel Survey. The model system is estimated using the computationally tractable maximum approximate composite marginal likelihood (MACML) approach that brings model specifications such as that presented in this paper within reach of practice. Estimation results show substantial presence of correlated unobserved effects (self-selection) across choice dimensions, underscoring the value offered by simultaneous equations model systems in the travel modeling field.
INTRODUCTION
The motivation for this paper stems from the notion that the multitude of location and activitytravel choices made by people are interconnected in complex ways (Lerman, 1976) . There are a number of choices in the land use -transport domain that have been the subject of much study in the traveler behavior research domain. There are long term location choices such residential location choice, work location, and school location choice. There are medium term choices such as vehicle ownership, and there are shorter term travel choices such as activity participation, time of day choice, trip chaining, trip sequencing, destination choice, mode choice, and route choice. While it may be convenient from an operational model development perspective to assume that these choices are made in a neat sequential fashion -with long term choices affecting medium term choices, both long and medium term choices affecting short term choices, and short term choices linked together in a series -there is often little behavioral basis underlying such sequential decision frameworks.
On the contrary, there is a growing and important body of evidence that supports the notion that people make a multitude of choices as a "bundle", choosing a series of location and activity-travel attributes that define their lifestyle jointly. This simultaneous selection of a number of choice dimensions across the varied temporal scales calls for the development and deployment of model systems wherein a number of choice behaviors are captured jointly while accounting for both observed and unobserved effects that affect the behaviors of interest. This paper is aimed at formulating and estimating a multi-dimensional integrated choice model system that connects a multitude of choices across disparate temporal scales, i.e., the long term, the medium term, and the short term.
The evidence in favor of attempting to model a multitude of choice dimensions simultaneously in a joint modeling framework is quite irrefutable and growing (Abraham and Hunt, 1997) . Notably, the body of work examining the impact of land use measures on travel behavior suggests that there are considerable self-selection effects wherein households tend to locate in neighborhoods that have attributes consistent with their lifestyle and mobility preferences (Bhat and Guo, 2007; Cao et al, 2008) . For example, households that are not autooriented choose to locate in transit and pedestrian friendly neighborhoods that are characterized by mixed and high land use density. If that is the case, then it is likely that the choices of residential location, vehicle ownership, and commute mode choice (for example) are being made jointly as a bundle rather than a sequential fashion in which residential location choice is chosen first, residential location affects vehicle ownership (which is chosen second), and vehicle ownership affects commute mode choice (which is chosen third). The sequential model is likely to over-estimate the impacts of residential location (land use) attributes on activity-travel behavior because it ignores self-selection effects wherein people who locate themselves in such neighborhoods were auto-disoriented to begin with. These lifestyle preferences and attitudes constitute unobserved factors that simultaneously impact long term location choices, medium term vehicle ownership choices, and short term activity-travel choices; the only way to accurately reflect their impacts and capture the "bundling" of choices is to model the choice dimensions together in a joint simultaneous equations modeling framework that accounts for correlated unobserved lifestyle (and other) effects.
There is a large body of work on simultaneous equations modeling in location and activity-travel choices with a view to better understand the bundling of choice behaviors while addressing the challenges associated with estimating such econometric model systems. The formulation, specification, and estimation of multi-dimensional choice model systems in which there are a variety of dependent variable types (continuous, ordinal, multinomial, count) has proven to be a challenging task because of the need to evaluate large multi-dimensional integrals of mixtures of distributions in such model systems. As a result, a number of papers in this domain have limited the number of choice dimensions considered to two or have adopted alternative approaches (such as structural equations modeling methods which cannot adequately handle multinomial choice variables) to estimate models with more than two dependent variables.
This paper attempts to overcome the limitations associated with previous work in the specification and estimation of multi-dimensional model systems of location and activity-travel choices. In this study, six choice dimensions are tied together in a joint modeling framework. Residential location and workplace location choices are long term multinomial choice variables, commute distance (which is an outcome of residential location and workplace location choices) is a long term continuous variable, household vehicle ownership is a medium term ordinal dependent variable, commute mode choice is a short-term multinomial travel choice variable, and finally, number of stops made during commute tour is an ordinal dependent variable. These six variables are tied together in a temporal framework as shown in Figure 1 while recognizing the bundling of these choice dimensions associated with the jointness or simultaneity in decisionmaking. The model system is estimated on a San Francisco Bay Area subsample of the 2009 National Household Travel Survey (NHTS) using the Maximum Approximate Composite Marginal Likelihood (MACML) approach (Bhat, 2011 ) that provides both computational tractability and numerical accuracy in the estimation of such multi-dimensional econometric model systems with mixtures of dependent variables. The paper aims to contribute substantially to the literature by presenting empirical insights into the relationships across choice dimensions and offering a methodological approach that makes the estimation of such model systems feasible.
The remainder of this paper is organized as follows. The next section provides a brief review of the literature on simultaneous equations modeling in activity-travel behavior. The third section offers a description of the data, while the fourth section presents the methodology in detail. The fifth section presents model estimation results, while the sixth and final section offers concluding thoughts.
MULTI-DIMENSIONAL ACTIVITY-TRAVEL CHOICE MODELING
The recognition of simultaneity in choice making behaviors has its roots in microeconomic consumer choice theory as evidenced by the partial or general equilibrium class of models developed by LeRoy and Sonstelie (1983) who investigated relationships between residential choice, income, and mode choice, Brown (1986) who postulated that residential location and commute travel mode are goods that consumed simultaneously, and Huq (1996, 2005) who jointly model residential location, income, and commute mode choice.
In the transportation domain, examples of simultaneous equations models of location and activity-travel choice behaviors abound. Bagley and Mokhtarian (2002) specify and estimate a nine-equation structural equations model system to explore relationships across residential location, travel choices, work location, and attitudinal variables. Choo and Mokhtarian (2004) also explore the influence of attitudinal variables on traveler choices by focusing on vehicle type choice. Attitudinal variables, that are often unobserved, play an important role in shaping a multitude of choices, thus calling for the bundling of choices in a simultaneous equations framework where such correlated unobserved factors can be adequately reflected. Witlox (2010a, 2010b) also use structural equations modeling approaches to explore relationships between built environment attributes and vehicle use in a simultaneous equations modeling framework. Vance and Hedel (2007) model the choice of driver status and vehicle use (distance traveled) simultaneously using an instrumental variables approach. Vega and Reynolds-Feighan (2009) employ a cross-nested logit model to study the simultaneous choices of residential location and travel mode under two scenarios of employment (central city versus suburb). Ye et al (2007) use a bivariate probit modeling framework to examine the relationship between trip chaining and mode choice, while Konduri et al (2011) employed a probit-based joint discrete-continuous model to tie vehicle type choice and tour length (distance) together. The latter study was further extended in Paleti et al (2011) who jointly modeled four key dimensions of tours -namely, tour complexity, passenger accompaniment, vehicle type choice, and tour length. Brownstone and Golob (2009) used Bayesian estimation approaches to jointly analyze residential location choice in the context of vehicle type choice and usage and find significant presence of endogeneity in the choice dimensions examined. A similar study was undertaken by Eluru et al (2009) , except that they employed Copula-based estimation approaches. Krizek (2003) introduces a tour-based framework to analyze relationships jointly among neighborhood access, number of tours, tour type, and tour distance.
More recently, Eluru et al (2010) and Pinjari et al (2011) constitute key efforts to build integrated multi-dimensional choice models that tie longer term location choices and shorter term activity-travel choices together. The model system in the former study is estimated using Copula-based frameworks while the model system in the latter study is estimated using more traditional simulation-based estimation approaches. Both of these studies showed strong evidence of the bundling of choices with correlated unobserved effects. Many of the studies cited in this section have noted the computational challenges associated with estimating multidimensional choice models, particularly in the presence of a mixture of dependent variable types. However, recent advances in estimation methods, and in particular, the emergence of the Maximum Approximate Composite Marginal Likelihood (MACML) approach (Bhat, 2011) , have provided the much needed computational breakthroughs needed to estimate multidimensional choice model systems and bring them closer to modeling practice.
In summary, there is ample evidence of the interest in, importance of, and need for modeling a multitude of location and activity-travel choice dimensions across temporal scales. This paper is aimed at overcoming a number of limitations associated with previous work in this arena. First, several studies examine only a limited number of choices (usually, just two dimensions) within a single temporal frame (e.g., Waddell et al, 2007) . Second, several studies attempt to build relationships across temporal scales, but do so again for very limited number of dimensions (e.g., Brownstone and Golob, 2009; Bhat and Guo, 2007) . Third, several studies employ the structural equations modeling approach to tie a multitude of dimensions across time scales together, but these approaches cannot accommodate multinomial choice dependent variables (such as mode choice). Fourth, studies such as those by Eluru et al (2010) and Pinjari et al (2011) employ estimation approaches that are either burdensome or involve numerical approximations that may compromise the properties of parameter estimates. The study by Paleti et al (2011) employs the computationally tractable Maximum Approximate Composite Marginal Likelihood (MACML) approach, but does in the context of modeling a multitude of choice dimensions in a single temporal frame (tour level travel choices). The intent of this paper is to overcome all of the previous limitations by modeling a multitude of choice dimensions across temporal scales using computationally tractable estimation approaches.
DATA
The data for this study is derived from the 2009 National Household Travel Survey (NHTS) which is conducted by the US Department of Transportation on a periodic basis to obtain information about the travel characteristics of the population. The 2009 NHTS data is ideally suited for a study of this nature because it provides information about residential location (census tract in which the household resides), work location of employed individuals in the household (census tracts of work locations), household vehicle ownership, and detailed travel choices for a 24 hour travel diary period. In addition, the data include detailed socio-economic and demographic data about respondent households.
For the current study, the survey subsample from the San Francisco Bay Area is extracted for analysis and model estimation purposes. This was done to limit the scope of the geographic region, deal with manageable sample sizes, and take advantage of secondary census data for the region (available from a previous study) that can be merged to the records of the NHTS. As the paper involves the modeling of work location (among other dimensions), the subsample extracted for this study includes only employed individuals who have a fixed work location outside home and who have provided complete travel diary data that includes information on commute tours, mode choice, and stop-making behavior.
Census tract data for the San Francisco Bay Area was merged with the NHTS data records to help characterize household and workplace locations. Instead of using the classic definition of spatial unit choice (identified by census tract or traffic analysis zone), this paper employs categories of land use density to characterize location choices. This helps make the definition of choice alternatives clear and manageable and more effectively captures the notion that people are looking for a built environment (land use density) that suits their mobility and lifestyle preferences. In other words, people are not choosing between tract A or B, but rather between a unit that offers a built environment of certain attributes versus another unit that offers a different built environment. Residence and workplace locations are categorized into four possible alternatives based on housing unit density (housing units per square mile).
After extensive data cleaning, the final estimation sample includes 1,480 employed individuals. Besides residence and work locations, a number of other dependent variables were constructed for this sample. The commute distance is simply a measure of separation between the residence and work locations as reported in the travel diary. Vehicle ownership is reported by respondents as well. For commute tour mode, the mode that was used in the work-to-home (half) tour was designated as the chosen alternative. If transit was used for any leg of the journey, then the commute tour mode was designated as transit. Four modal alternatives -drive alone, shared ride, transit, and walk/bike -characterized the mode choice for more than 99 percent of the tours. The few people whose commute tours did not fall within one of these four modal alternatives were omitted from the final estimation sample. Finally, the total number of stops made during the home-to-work and work-to-home tours constituted the last dependent variable of the study.
The sample of 1,480 employed individuals exhibited socio-economic and demographic characteristics suitable for undertaking a model estimation effort such as that undertaken in this paper. The distribution of individuals in the four residential location alternatives is as follows:
• 0-499 housing units per square mile: 22.6% • 500-1999 housing units per square mile:
30.9% • 2000-3999 housing units per square mile:
29.9%
• ≥ 4000 housing units per square mile: 16.6%
The distribution of individuals with respect to work locations is somewhat similar except that higher percent of individuals (32.4%) work in low density (0-499) tracts while a smaller percent (20.5%) of individuals work in higher density (2000-3999) tracts. With respect to vehicle ownership, 1.8 percent of the employed individuals indicate residing in households with no vehicle. This fraction is lower than that for the general population, but such differences are expected when considering a pure worker sample. About 47 percent of individuals reside in twovehicle households, 23.2 percent reside in three-vehicle households, and 15 percent reside in households with four or more vehicles. An examination of commute mode share shows that 72.6 percent of individuals commute by drive alone, 16.1 percent by shared ride, 8 percent by transit, and 3.2 percent by bicycle/walk. The average commute distance is 13.5 miles with a standard deviation of 14.4 miles. The distribution of stop-making shows that 47 percent of commuters make zero (non-work) stops within the commute tours. This is in contrast to 17.4 percent of commuters who make one stop, 16.7 percent who make two stops, 8.8 percent reporting three stops, 5.5 percent reporting four stops, and 4.5 percent reporting five or more stops.
In summary, the data set offered a rich source of information and appropriate variation in dependent variables suitable for estimating a multi-dimensional choice model system with a mixture of dependent variable types. The model specification included a range of individual, household, and employment characteristics.
MODELING METHODOLOGY
This section presents a detailed description of the modeling methodology developed for estimating a multi-dimensional choice model system involving a mixture of dependent variable types. Figure 1 shows the various interdependencies that might exist in the choice continuum that this study intends to explore. The solid lines represent possible relationships within single time bands while the hollow lines represent relationships across temporal bands (scales). There can be joint decisions within a single temporal band as well as decisions that are interlinked across different temporal bands. Given that Castro et al (2012) demonstrated how all traditional count models are special cases of generalized ordered response models, the methodology presented in this paper is applicable for estimating choice systems that include count dependent variables as well. The model formulation accounts for correlated unobserved factors affecting multiple choice dimensions, and allows the estimation of all model parameters in a single step akin to classic full-information maximum likelihood approaches, thus ensuring the use of all information in parameter estimation leading to gains in efficiency. The remainder of this section presents the formulation.
Model Framework
Let there be G nominal variables for an individual, and let g be the index for the nominal variables (g =1, 2, 3,.…,G)
1 . In the empirical context of the current paper, G=3 (the nominal variables are residential location, work location, and commute mode choice). Also, let I g be the number of alternatives corresponding to the g th nominal variable (I g ≥ 3) and let i g be the corresponding index (i g = 1, 2, 3…... I g ). Note that I g may vary across individuals, but index for individuals is suppressed at this time for ease of presentation. Also, it is possible that some nominal variables do not apply for some individuals, in which case G itself is a function of the individual q. However, the model is developed at the individual level, and so this notational nuance does not appear in the presentation here.
Consider the g th nominal variable and assume that the individual under consideration chooses the alternative m g . Also, assume the usual random utility structure for each alternative i g . , 
, and stack the latent utility differentials into a vector 
The discussion above focuses on a single nominal variable g. When there are G nominal variables, consider the stacked
, each of whose element vectors is formed by differencing utilities of alternatives from the chosen alternative m g for the g th nominal variable. Next, one may write: 
The off-diagonal elements in * Σ capture the dependencies across the utility differentials of different nominal variables, the differential being taken with respect to the chosen alternative for each nominal variable.
Let there be L ordinal variables for an individual, and l be the index for the ordinal variables (l=1,2,…. L). In the empirical context of the current paper, L=2 (the ordinal variables are vehicle ownership and number of stops in the commute). Also, let l J be the number of 
is the H-dimensional normal density with mean 0 and covariance matrix Σ , and
The above likelihood function involves the evaluation of a L G + -dimensional integral for each individual, which can be very computationally expensive if there are several nominal variables, or if each nominal variable can take a large number of values, or if there are several ordinal variables, or combinations of these. So, the Maximum Approximated Composite Marginal Likelihood (MACML) approach of Bhat (2011) , in which the likelihood function only involves the computation of univariate and bivariate cumulative distributive functions, is used in this paper.
The MACML Estimation Approach
Consider the following (pairwise) composite marginal likelihood function formed by taking the products (across the G nominal variables and L ordinal variables) of the joint pairwise probability of the chosen alternatives for an individual. (2011), which combines the CML approach with the analytic approximation for the MVNCD function evaluation, is solely based on bivariate and univariate cumulative normal computations. The MACML approach can be applied using a simple optimization approach for likelihood estimation. It also represents a conceptually simpler alternative to simulation techniques. Also, the MACML estimator MACML θ is asymptotically normal distributed with mean θ and covariance matrix given by the inverse of the Godambe's (1960) 
can be estimated in a straightforward manner at the MACML estimate MACML θ as follows (introducing q as the index for individuals):
There are important identification and positive definiteness issues that must be taken into account during model estimation. These issues and the methods to deal with them are discussed in Paleti et al (2011) . In addition to the identification conditions discussed in that paper, the scale of all ordinal variables must be normalized to one in the current model system to ensure identification.
MODEL ESTIMATION RESULTS
Model estimation results are described in this section. In the interest of brevity, only key findings and highlights of model estimation results are presented. In order to arrive at the final model specification, a number of model structures depicting alternative structural relationships among endogenous variables were estimated and examined with respect to statistical measures of fit. In the end, after extensive testing, plausibility checks, and goodness-of-fit assessment, the final model specification and set of structural relationships were identified. Figure 2 shows the relationships among dependent variables in the final model structure adopted in this study. It is found that residential location affects work location choice, both of which affect commute distance. All three long-term choice variables (residential location, work location, and commute distance) affect vehicle ownership. In turn, long term location choices and vehicle ownership influence commute mode choice which directly impacts trip chaining patterns (number of stops on commute). It should be noted that while there appears to be a sequential flow of relationships in this model specification, the model system itself is a joint simultaneous equations model that treats the set of dependent variables as a "bundle" with common unobserved effects affecting multiple choice dimensions. The jointness in the representation of the choice process is not lost due to the apparent sequential flow of relationships among variables.
In arriving at this specification, a variety of hypotheses were tested. For example, alternative structural relationships were examined with respect to long term choices -does residential location choice influence work location choice, or does work location affect residential location choice, or are residence and work location choices determined simultaneously, or does the (desired) commute distance affect residence and work locations? Similar hypotheses were constructed within and between temporal bands and alternative model structures were estimated. Finally, the model structure that is represented by Figure 2 was chosen as the best based on a variety of logic checks and goodness-of-fit measures. Table 1 presents estimation results for long term choices. The residential location choice component of the model suggests that households with younger children have a greater propensity to locate in medium-to high-density neighborhoods, but households with older children shun the highest density neighborhoods, possibly in search of lower density suburban neighborhoods with good schools. Individuals with higher education levels favor residential locations in high density neighborhoods, suggesting that they are interested in urban lifestyles that are more environmentally friendly. Lower income individuals tend to locate in high density neighborhoods while those seeking home ownership appear to do so in lowest density neighborhoods (likely to be in the suburbs). Immigrant households are more likely to favor higher density neighborhoods. The relative magnitude of the constants suggests that there is a baseline preference for low-to-medium density neighborhoods.
Long Term Choice Model Components
In terms of work location choice, it is found that there is a strong positive association between residential location density and work location density. It appears that people may be working in locations that are at least as dense as their residential neighborhoods, which is not surprising given that employment tends to locate such that workers can easily access jobs. Males are less likely to work in higher density locations. Individuals with higher education levels tend to find jobs in higher density areas (consistent with their residential location). Full time workers are less likely to work in high density areas, but self-employed individuals are more likely to do so. It is possible that self-employed individuals seek high density areas where business opportunities abound. Immigrants are less likely to work in high density areas (in contrast to their residential location choice), but tend to favor higher density locations (similar to nonimmigrant households) as they assimilate into the country over a period of time. Asians are less likely to work in higher density neighborhoods, while African Americans are more likely to do so.
The commute distance is similarly affected by a number of socio-economic variables. Males, full-time employees, and African Americans exhibit longer commutes, while lower income individuals and those with children have lower commuting distances. Those who own a home have longer commutes, presumably because they reside in distant suburbs to a greater degree. As residential location density or work location density increases, the commuting distance decreases; suggesting that there is an observed impact of density on commuting distance even after controlling for other factors and reflecting endogeneity through a simultaneous equations model system.
Medium Term Choice Model Component
The vehicle ownership model takes the form of an ordered response model. Higher levels of auto ownership are associated with a larger number of persons in the household. Thus, as number of adults, number of children, number of full time workers, number of self-employed individuals, and number of individuals with more than one job in the household (in which the sample respondent resides) increase, so does auto ownership. On the other hand, the presence of senior adults in the household or the prevalence of a medical condition has a negative impact on auto ownership presumably because these individuals have mobility limitations. As income levels fall, so do auto ownership levels as evidenced by the trend in negative coefficients associated with income dummy variables. Higher density residential location is associated with lower levels of auto ownership, presumably because these neighborhoods are better served by alternative modes and people who locate in such neighborhoods are not necessarily auto-oriented to begin with. Home ownership and longer commutes appear to contribute to higher levels of auto ownership. All of these indications are consistent with expectations. Table 3 presents the model estimation results for the short-term choice components. There is negative baseline preference associated with the use of alternative modes of transport as evidenced by the negative constants. Older individuals are less likely to share a ride or bike/walk, possibly due to physical limitations. Males are less likely to share a ride, but more likely (than females) to use transit or bicycle and walk. Low education levels are associated with alternative mode use, possibly because these individuals are in low paying jobs, having lower income, and cannot afford to commute by car. Self-employed individuals are more likely to drive alone, possibly due to the flexibility that they need in seeking business opportunities. Those with a flexible work schedule are more likely to use alternative modes of transport. Immigrants are more likely to share a ride or use transit, but this effect dampens as the immigrants stay longer in the US and assimilate into the general population. Even after controlling for all other factors and endogeneity across choice dimensions, it is found that residential and workplace location density impact commute mode choice. Higher density location choices appear to contribute to greater levels of transit mode choice. Those working in high density tracts show a lower propensity to bicycle and walk, possibly because the areas are not conducive to non-motorized mode use (although conducive to transit use). High levels of vehicle ownership negatively impact alternative mode use.
Short Term Choice Model Component
The final dependent variable is that of number of stops on the commute tours (an ordinal response variable). Consistent with expectations, higher levels of education, holding multiple jobs, and flexible work schedules are associated with higher levels of stop-making. Immigrants tend to make fewer stops, while Caucasians and individuals with children in the household tend to make more stops (due to serve-child trips). As the number of adults increases, stop making responsibilities are likely shared through household interactions, and stop-making propensity at the individual level drops. Similar task allocation effects are seen with respect to number of workers and number of self-employed individuals in the household. Lower income individuals are engage in fewer stops, possibly because the lower income does not afford them the opportunity to participate in other discretionary activities. Those residing in the highest density neighborhoods engage in more stops, possibly because there are more destination opportunities that can be visited during the commute tour. In other words, higher residential density does not necessarily bring about inefficiencies in tour formation or activity engagement (where a person repeatedly returns home and starts a new tour to engage in new activities). Mode choice affects stop making behavior with those in shared ride mode likely to make more stops (to drop off and pick up passengers) and bicycle and walk commuters engaging in fewer stops, possibly in an effort to keep commuting distance and times manageable. Table 4 presents estimation results corresponding to the covariance matrix of utility differences, latent propensities, and continuous variables considered in this study. A number of interesting observations can be made. The significant parameter of 0.8009 in the block of covariances between modal utility differences, suggests that there are common unobserved factors affecting the choice of transit (relative to drive alone) and the choice of bicycle/walk (relative to drive alone). In other words, people's attitudes about the environment and the desire to live a "green" lifestyle (which are unobserved effects) may be simultaneously (and positively) impacting preference for transit and bicycle/walk modes. There do not appear to be any significant endogeneity effects across residential and workplace location choices. The model estimation results revealed an observed impact of residential location choice on work location choice; there do not seem to be any common unobserved effects influencing these long term location choice decisions (at least in the context of this study).
Self-Selection Effects and Model Assessment
It appears that there are self-selection effects across work location choice and commute mode. The negative parameter of -0.1507 suggests that unobserved factors that contribute to a person choosing a low density area as work location are correlated with unobserved factors that make a person intrinsically less likely to walk or bicycle. These may be individuals who are more auto oriented by nature. Conversely, there are positive covariances (0.0555 and 0.2883) reflecting a positive disposition across the choice to work in high density areas and the choice of transit or shared ride as a commute mode. The unobserved factors that motivate an individual to seek a high density work place (desire for transit and pedestrian friendly options) are likely the very factors that contribute to higher level of transit and shared ride mode usage. Unobserved factors that contribute to an individual owning more vehicles (such as desiring an auto-oriented lifestyle) contribute negatively to the choice of bicycle and walk as a commute mode.
Similar self-selection effects are observed across residential location choice and number of stops, where it appears that the unobserved effects contributing to a choice of a high density residential location or work location positively impact stop-making behavior. This is plausible as a fun-loving activity-seeking person who is an extrovert may choose residential and work locations that are high density (and provide such opportunities) and support their desire to engage in a variety of activities (stops) on the way to and from work.
The log-likelihood of the final model is -10508.1 and that of the model which ignores all potential correlations between the choices considered is -10520.4. The log-likelihood ratio test statistic of comparison between the two models is 24.54. This value is significantly greater than 15.51 which is the critical chi-squared value corresponding to 8 degrees of freedom at a 95 percent confidence level, thus demonstrating the superior statistical fit in the joint model.
CONCLUSIONS
This study constitutes a major attempt to build an integrated econometric model system of the choice continuum -connecting long term location choices, medium term vehicle ownership choice, and shorter term commute mode and commute tour stop-making behavior. The objective of this study is to advance the state of the art of econometric simultaneous equations modeling in the travel behavior and analysis domain with a view to better represent the bundling of choices that people may be exercising in their daily lives. People are not likely to make choices in isolation of one another or in a strictly sequential fashion, and there is widespread evidence that significant unobserved factors (that describe a person's attitudes, perceptions, experiences, and lifestyle preferences) simultaneously impact a multitude of choices.
The paper presents an integrated econometric model system that ties together residential location choice, work location choice, commuting distance, vehicle ownership, commute mode choice, and number of stops made on commute tours. Thus, the model system includes a variety of dependent variable types commonly encountered in transport modeling contexts. The model system is estimated on a San Francisco Bay Area subsample of commuters drawn from the 2009 National Household Travel Survey data set in the United States. The paper presents the model formulation and estimation procedures; recognizing that traditional estimation methods are computationally infeasible for the type of model system specified in this paper, the study employs the maximum approximate composite marginal likelihood (MACML) estimation procedure together with a numerical approximation method to evaluate multi-dimensional integrals of the cumulative normal distribution function. The methodological breakthrough presented in this paper offers the potential to bring integrated model systems of the nature estimated in this study closer to practical reality.
Model estimation results show that the choice dimensions considered in this paper are inter-related, both through direct observed relationships and through correlations across unobserved factors (error terms) affecting multiple choice dimensions. The significant presence of self-selection effects (endogeneity) suggests that modeling the various choice processes in an independent sequence of models is not reflective of the true relationships that exist across these choice dimensions. The simultaneous equations model system estimated in this paper offers superior fit in comparison to an independent set of models that ignore self-selection effects. Models that ignore self-selection effects are likely to provide erroneous forecasts of the impacts of land use density variables and policy strategies on activity-travel choices. The study findings suggest the following:
• Residential location choice affects work location choice • Both residential and work location choices together impact commuting distance • Residential and work location choices, together with commuting distance, impact vehicle ownership • Both location choices, and vehicle ownership, affect commute mode choice • Commute mode choice and residential location affect number of stops on commute tours. In addition to these observed relationships, the examination of error covariances shows that people with a propensity for non-auto oriented lifestyles (i.e., greener lifestyles) tend to locate in higher density neighborhoods, adopt alternative modes of transport for their commute, and exhibit lower levels of automobile ownership. Clearly, attitudes and lifestyle preferences play an important role in shaping the multitude of choice dimensions considered and ignoring such selfselection effects can prove costly in policy forecasting and decision making processes. Future research efforts are aimed at operationalizing integrated econometric model systems (such as that presented in this paper) within activity-based travel forecasting models so that the types of endogeneity effects uncovered in this paper can be better reflected in forecasts of travel demand under a wide range of modal and land use scenarios. 
